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Abstract. Human group detection, which splits crowd of people into
groups, is an important step for video-based human social activity anal-
ysis. The core of human group detection is the human social relation
representation and division. In this paper, we propose a new two-stage
multi-head framework for human group detection. In the first stage, we
propose a human behavior simulator head to learn the social relation
feature embedding, which is self-supervised trained by leveraging the so-
cially grounded multi-person behavior relationship. In the second stage,
based on the social relation embedding, we develop a self-attention in-
spired network for human group detection. Remarkable performance on
two state-of-the-art large-scale benchmarks, i.e., PANDA and JRDB-
Group, verifies the effectiveness of the proposed framework. Benefiting
from the self-supervised social relation embedding, our method can pro-
vide promising results with very few (labeled) training data. We have
released the source code to the public.
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1 Introduction

Scenes with a crowd are very common in the real world, e.g., outdoor parades and
social gatherings [20,21]. Such scenes lead to many important video-surveillance
tasks, such as human counting, pedestrian tracking [19,18,13], and group activity
recognition [45]. These tasks involve crowd analysis either locally for individuals
or more globally for the whole crowd. With the use of wide-view cameras in
surveillance, we can now collect videos to cover a large-scale crowd composed of
multiple groups of people with high resolution. In this case, we usually need to
first identify all these groups [27] before conducting further human activity anal-
ysis. This leads to the important task of (video-based) human group detection,
which tries to divide the crowd into multiple non-overlapped human groups.

The human group detection task is very challenging since groups can be
formed in complicated ways [22,34], whose characteristic is more complex than
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Fig. 1. A conceptual illustration of the rationale of our insight. We swap some people in
the scene and try to discover the unreasonable states in the transformed scene (right)
by implicitly learning the human social relations. Specifically, in the left image, we
swap person A with A′, B with B′ and C,C′, C′′ with C′, C′′, C, respectively, resulting
in the right image. Such swapped results in the right contain persons with abnormal
behaviors. To recover the above augmentation, the method needs to understand the
reasonable state of the person in the crowd considering itself and its surrounding people,
which can be used for the social relation representation.

the pedestrians acting alone or the crowds as a whole. Previous works for group
detection mainly leverage the features extracted from either the pedestrian tra-
jectories [29] or local spatial structure [6], followed by a similarity measure-
ment and clustering analysis, e.g., the weighted graph model [4], potentially
infinite mixture model [15] and correlation clustering [34]. In a recent work of
PANDA [39], a new video benchmark that uses gigapixel-level cameras for cap-
turing a supersized scene with hundreds of people was developed, together with
an official baseline method that combines the global trajectory and local inter-
action information for group detection.

However, the above methods commonly have two weaknesses. First, the fea-
tures used in most of the previous group detection methods are pre-defined,
many are actually hand-crafted features, including temporal trajectories and
spatial distances [30,41,6,34]. Second, previous works based on machine learning
are usually fully supervised and require large-scale annotations [41,39]. Never-
theless, the human group detection labels in a dense crowd are very laborious
and costly to annotate manually.

To address these problems, in this paper, we study spontaneous learning of
human relation embedding features for human group detection. This is inspired
by the sociological interpretation of group – two or more people interacting to
reach a common goal and perceiving a shared membership, based on both physi-
cal identity (spatial proximity) and social identity (intra-group rules) [37]. For a
person in the crowd scene, her/his activity and motion characteristics are highly
influenced by the nearby people, especially the interactive ones. For example,
as shown in Figure 1, we swap the spatial positions of some people (left and
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right images are the ones before and after the swapping). We can easily find
that the ‘transformed’ people in the right image show unreasonable behaviors,
e.g., in the right of Figure 1, the strange pose (A, B’), dangerous moving di-
rection with close distance to something (A’, B). Such visual unreasonability, in
the human sense, is dependent on the human-human interactive behavior and
social relation, which are very important for human group detection. Inspired
by this rationale, we try to develop a method to automatically learn human so-
cial relations through such unreasonable behaviors. More specifically, we design
a rational-behavior simulator head (BS-Head) to discover the swapped persons
and recover their original states based on the information of the surrounding
persons. This head is used as a self-supervised training head to learn the human
social relation embedding. After that, we use the embedding feature produced
by BS-Head to train another self-attention-based group prediction network for
human group detection. The main contributions in this work are:

– We propose a two-branch group detection framework, which contains a shared
relation embedding module and two heads for two-stage training. It is effec-
tive for social group detection problems in large-scale crowds.

– We develop a self-supervised relation embedding training strategy, which
models the socially grounded human social relations in the crowd scene as
the pretext task. The self-supervised representation can benefit the network
training using only very few (labeled) data.

– Experiment results on two newly proposed large-scale benchmarks, i.e., PANDA
and JRDB-Group, verify the effectiveness of the proposed method. The pro-
posed method achieves significant group detection performance improvement
compared to the state-of-the-art baselines – 20.7 → 53.2% and 31.4% →
56.9% in F1 score on PANDA and JRDB-Group, respectively. We release
the source code to the public at https://github.com/Jiaoma/SHGD.

2 Related Work

Human group detection. Human group detection is an essential task in com-
puter vision, which, however, has not been widely studied recently. Early hu-
man group detection methods can be divided into three categories, including
group-based methods, individual-group methods, and individual-based meth-
ods. In group-based methods, no individual information is considered [33,11].
The individual-group methods try to integrate the information of human trajec-
tories instead of separately using each one [28,3]. The individual-based methods
consider individual subjects, leading to many models, such as predicting the so-
cial group relations by using the weighted graph [4], potentially infinite mixture
model [15] and correlation clustering [34], etc. Recently, Shao et al. [32] em-
ployed the goal directions instead of traditional positions and velocities to find
group members. More recently, instead of focusing only on the position-aware
group detection, PANDA [39] proposes to integrate the dynamic human inter-
actions for human group detection. As mentioned earlier, these methods either

https://github.com/Jiaoma/SHGD
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use pre-defined, usually hand-crafted, features [30,41,6,34] or require large-scale
annotated data [41,39] for training.

Human relation discovery. A key problem for the group detection task
is the discovery of human relations, especially social relationship [23,16], e.g.,
friends and colleagues, via various human attributes, e.g., age, job, etc. Other
relations include the human-object interaction (HOI) [46,47], human-human in-
teraction (HHI) [26,45], and gaze communication [10], etc. For HOI or HHI, rela-
tions are usually specific and mostly determined by the involved subjects/objects,
e.g., a scene with a human and a bike is more likely to be detected as ‘ride
bike’. Differently, our task explores the relations without the above specific prior
knowledge, e.g., the social relationships among people in the crowd.

Human relation modeling in the multi-person scene. Group-wise hu-
man relation is also collaboratively or implicitly used in many other related
tasks, and human group detection is often accompanied by pedestrian trajectory
prediction [30,41,12]. The method in [30] tries to jointly achieve the pedestrian
trajectory prediction and group membership estimation using a Conditional Ran-
dom Field (CRF) model. Similarly, an SVM-based method is proposed in [41]
to handle the estimations of pedestrian trajectory and social (group) relation-
ships. A GAN pipeline is proposed in [32] that learns informative latent features
for joint pedestrian trajectory forecasting and group detection. Social-GAN [17]
proposes to predict the socially-accepted motion trajectories in crowded scenes
by considering human social relations. Multi-human relations have also been
considered in group activity recognition (GAR) [40,42,2,14,31,43]. For example,
ARG [40] proposes to build a flexible and efficient actor relation graph to si-
multaneously capture the appearance and position relation between actors. The
method in [31] considers multiple cliques with different scales of the locality to
account for the diversity of the actors’ relations in group activities. The above
methods all take the human relation modeling or detection as an auxiliary task
but do not divide the crowd into groups that is our focus in this paper.

3 Proposed Method

3.1 Overview

We first give an overview of the proposed method. Given a video clip recording
a crowded multi-person scene, we denote N as the maximum number of people
(referred to as subject in this paper) within T frames1, e.g., 10 frames, where N
could be very large, e.g., over 1,000 in PANDA dataset. We first extract a feature
encoding vector vt

i ∈ RCv for the i-th subject in t-th frame, where Cv is the
number of feature dimensions. The encoding vector can be represented by both
the human skeleton joints and spatial location. We model all the the subjects in
the scene as an undirected graph G = < V,R >, in whichV ∈ RT×N×Cv denotes
the set for all vt

i, andR ∈ RT×N2

encodes the group relation rti,j between subject
i and subject j at frame t. It is in the range of [0, 1], where 1 means the subject

1 If a subject is missing in a frame, we fill it with blank (all-zero feature vector).
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j and subject i belong to the same group. The relation matrix R can be used to
divide the crowd of people into groups by label propagation methods [44].

Fig. 2. An illustration of the overall framework of our method, which is composed of
an offline feature extraction module and a social relation embedding module for feature
construction, followed by two heads, i.e., the behavior simulator head (BS-Head) and
the group prediction head. The overall network is trained in two stages. In stage 1, we
train the relation embedding network with the BS-Head in a self-supervised manner.
In stage 2, based on the relation embedding features obtained by stage 1, we train our
network with the group prediction head for generating the group detection results.

To obtain such relation matrix R, many deep learning methods [36,35] gener-
ally first encode the features V into a group relation embedding space and then
predict R using a relation modeling algorithm, like the graph neural networks
(GNN). In this paper, we aim at developing an effective group relation embedding
method in a self-supervised manner, and then use such embedding E to predict
the relation matrixR. The pipeline of the proposed method could be summarized
as two stages: 1) We first train a real-world surrounding-subject-aware human
behavior simulator in a self-supervised manner, which is to spontaneously learn
the natural human behavior within a group and embed the features into a re-
lation embedding space. 2) Based on the relation embedding, we then learn a
group prediction sub-network, which is trained for discovering the human-human
group relations among multiple persons. This stage can only use a small num-
ber of labeled data to train. The architecture of the whole network is shown in
Figure 2. It consists of two prediction heads that share the same feature extrac-
tion and social relation embedding network. The whole network uses the human
detection bounding boxes of the N persons each frame in T frames as input for
feature construction, as discussed in Section 3.2. It has two kinds of outputs
produced by its two heads separately in the two-stage training, as presented in
Section 3.3 and Section 3.4, respectively.

3.2 Feature Construction Module

Social relation embedding network. The original feature V ∈ RT×N×Cv is
constructed by concatenating both the 2D skeleton joints K ∈ RT×N×Ck and
the positional feature P ∈ RT×N×Cp of all N subjects at frame t.



6 J. Li, R. Han et al.

The social relation embedding network uses V as input and outputs a social
relation embedding feature E, i.e.,

E = ϕ(V) ∈ RT×N×Ce . (1)

Specifically, first, for the skeleton feature K, we adopt the Shift-GCN [5] alike
network to extract the temporal action features from the human skeleton joint.
Also, for the positional feature P, we concatenate it with the skeleton feature
K and utilize the architecture in spatial-temporal graph convolutional network
(ST-GCNN) [25] to model the spatial and temporal information.

3.3 Self-supervised Behavior Simulator Head

In this section, we present the rationale and process to train the social rela-
tion embedding network in a self-supervised manner with the proposed rational-
behavior simulator head (BS-Head). Specifically, we aim to establish a human
behavior simulator to model the reasonable behavior of the humans in a crowd
with the constraint of its social relation/rules/etiquette with other people, e.g.,
the greeting from surrounding people and the relative position distribution to
the others. Our basic assumption is that every person should behave logically
and not do unreasonable things like talking to nobody, stepping over others, to-
tally ignoring others’ greetings, etc. This way, we assume that a person with its
surrounding subjects can be modeled by an implicit distribution D. Specifically,
given a person c and its neighbors (with closer distance), we have

Hc ≜ (Vc,Vn) ∼ D,n ∈ Nc, (2)

where Vc is the extracted feature of the center subject c, and Vn with n ∈ Nc

denotes the features of the neighboring subjects, which are identified by the
spatial distance (in the image) to c within a threshold. We define Hc as the
neighbor feature cluster by pairing the center subject and surrounding subjects.

To learn such distribution, we propose a self-supervised learning method.
Our basic idea is that if the state (e.g., spatial position, human behavior) of a
center subject is artificially changed, the states of its surrounding subjects can
synergistically guide the center subject to be recovered to its original state. This
way, as shown in Figure 3, we first destroy the state of the feature block V
and vary it by spatial-temporal transformation, i.e., swapping its position with
another one, as shown in Figure 1. We can perform the swapping directly in the
feature space, to get Ṽ as

Ṽ = χ(V) ∈ RN×Cv , (3)

where χ denotes the transformation operation.
The transformed feature Ṽ and its surrounding subjects are then fed to the

BS-Head, which tries to recover the original feature V. This way, with the BS-
Head, the training process of the first-stage network can be implemented as

V̂ = BSHead(ϕ(Ṽ)) → V, (4)
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Fig. 3. An illustration of the feature transformation.

where BSHead denotes the rational-behavior simulator head. It tries to generate
a recovered feature V̂ tending to approximate the original feature V. Here ϕ
denotes the social relation embedding network as discussed in Section 3.2. For
the behavior simulator head (BS-Head), we adopt the structure in the graph
convolution neural network TXP-CNN [25].

Discussion. As shown in the left of Figure 4, the transformed feature Ṽ ∈
RT×N×Cv is constructed by the skeleton feature K and the positional feature P̃,
where the transformation operation χ is only applied to the positional feature P,
i.e., we simulate to exchange the position of a subject with another while main-
taining its skeleton (representing the action and pose of a human). This may
make the subject with original behavior in the swapped position look unreason-
able with its (new) neighbors (see subjects A and B’ in the right of Figure 1).

Also, the BSHead actually only outputs the recovered positional feature P̂ (not
including the skeleton feature), which is self-supervised by that from the original
feature block P, as shown in Figure 2.

P̂
TXPCNN

� × � × ��

Self Supervision

� × � × ��

P

� �

� �

�

ST-GCNN

Shift GCN

� × � × ��

E


�

K

Fig. 4. An illustration of the self-supervised behavior simulator head, which trains the
relation embedding network with the BS-Head in a self-supervised manner.

3.4 Supervised Group Prediction Head

The above behavior simulator head is mainly used for training the social rela-
tion embedding network ϕ in a self-supervised manner, which, however, can not
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provide the group detection results. We propose the group detection head, as
shown in Figure 5, which consists of a stacked attention module (Stack-Att), a
GRU, and a linear layer to predict the human relation matrix, which will be
post-processed by a label propagation method [44] to generate the predicted
human group results.

distance

....

N×N

N×N

N×N

N×N

Stacked Attentions

GRU+FC

T×N×N

R̂

Supervision

R

DU

� �

� �

�

ST-GCNN

Shift GCN

� × � × ��

E


K

P

Fig. 5. An illustration of the second stage of our method, based on the relation em-
bedding features obtained by the first stage, which trains the network with the group
prediction head for generating the final group detection results.

This head takes the original feature block V as input, which is first fed into
the embedding network ϕ (trained by the first stage) to get social relation embed-
ding E ∈ RT×N×Ce. We then apply a stacked attention modules (Stack-Att),
which uses M (a pre-set parameter) independent attention module operating
separately as

attm(ei, ej) =
θ(ei)

T θ(ej)√
L

∈ R, m = 1, 2, · · · ,M, (5)

where ei ∈ RCe denotes an element of E, and θ(ei) = Wθei+bθ is the learnable
linear transformations, L denotes the vector length of θ(ei). For each frame
containing N subjects, we generate N × N pairs of elements (i, j). For all
T × N × N element pairs (i, j) in T frames, we get the pair-wise relation map
Am ∈ RT×N×N with the value Am

(i,j) = attm(ei, ej), calculated by the attention
module. Then we stack all the relation map from M attention modules for all
T frames to be a stacked attention block U ∈ RT×N×N×M as a multi-channel
relation feature block. Besides, considering the camera view in this problem is
often very wide, and the persons with far distance couldn’t be in one group, we
also stack a distance matrix D ∈ RT×N×N×1 on U to get the final relation block
UD ∈ RT×N×N×(M+1). This block is then fed to a single layer GRU temporal
network to aggregate temporal information and a fully-connected layer (FC) to

predict the final group relation matrix R̂ ∈ RT×N×N , which is supervised by
the annotated relation matrix R, as shown in Figure 5.

Discussion. Inspired by the self-attention mechanism in [38] [40], the pro-
posed Stack-Att adopts the self-attention for each pair of embedding features,
i.e., ei, ej to calculate their relation representation. Compared to the previous
methods for relation (edge) feature representation, e.g., directly concatenating
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the embedding features, the proposed strategy is more memory-efficient, which
can handle the challenge of a large number of people in the crowd scene. Besides,
the self-attention mechanism can better represent the relation between two em-
bedding features. Our method is also different from [38] [40], which only produce
1-channel edge attention matrix. We apply it M times independently and stack
them as a multi-channel edge feature block.

3.5 Implementation Details

Input features. As mentioned in Section 3.2, we use 2D skeleton joints K
and positional feature P as input. We use Unipose network trained on MPII [1]
dataset to detect the 2D skeleton joints of all the people in each frame. The
detected 2D skeleton joints kt

i ∈ R32, for i = 1, 2, · · · , N, t = 1, 2, · · · , T has
16 joints, each of which is a 2D coordinate in the pixel coordinate system. We
also use the positional encoding method [38] to project the 2D position of each
subject’s center to the 32-dimension space as the positional feature P.

Two-stage training. In the first stage, we use the self-supervised training
strategy as discussed in Section 3.3 to train the whole network using the relation-
behavior simulator head, which outputs P̂ and we use MSE as loss criterion to
enforce P̂ be close to P. In the first training stage, we apply the swap operation
to the training data. For the PANDA dataset, we first randomly select 10%
persons in the scene and shuffle their positions as the swap operation. For JRDB
dataset, since some frames only contain less than 10 persons, the selection ratio
is 20%. Besides, to make the recovering of swap not equal to copying one’s origin
position, we add small random noises following the uniform distribution on the
swapped positions.

In the second stage, we use the trained social relation embedding network
ϕ (in the first stage) with only the group prediction head to predict the group

relation matrix R̂, which is enforced to be close to the ground-truth R. Here we
flatten the group relation matrix and use the cosine similarity loss as a criterion
during training. This stage of training is a supervised training process, but it
mainly updates the parameters of the group prediction head. This stage also fine-
tunes the parameters of the social relation embedding network ϕ, which could
further boost the performance of the whole framework on the group detection
task. With the first stage self-supervised training for ϕ, the second stage can use
few labeled data for training, which is also verified in the experiments.

We use stochastic gradient descent with Adam optimizer to optimize the
parameters. The training of stage 1 takes 200 epochs with the learning rate of
1× 10−4. And the training of stage 2 takes 100 epochs with the learning rate of
7×10−3. The proposed method is implemented based on the PyTorch framework.

Network inference. Given the input features V, the inference stage only
goes through the group prediction head and outputs the group relation matrix
R̂ ∈ RT×N×N . Then we use the label propagation method [44] to split N persons
of each frame into non-overlapped groups, where the number of groups is auto-
matically estimated by the algorithm. The groups only containing one person
are dropped.
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4 Experiments

4.1 Datasets and Metrics

• PANDA benchmark. We first choose the state-of-the-art dataset PANDA [39]
for group detection evaluation. It is a multi-human video dataset covering real-
world street scenes with a very wide field-of-view (1 km2 area) and a very dense
crowd in the scene, e.g., 4k subjects in one frame. For the group detection task,
it provides 9 long-term videos in different scenes. The training set has 8 videos
while the testing set has 1 video, as specified in the benchmark. The average
number of frames and bounding boxes per video in the training set is 2, 713 and
1, 070.4k, respectively, while the number of frames and bounding boxes in the
testing set is 3, 500 and 335.2k, respectively. The average number of the human
group per video is 144.6 and 75 in the training and testing video sets, respec-
tively. The PANDA dataset provides human tracking for the group detection
task and their baseline methods with evaluation metrics for comparison.
• JRDB-Group benchmark. We also include a new benchmark, i.e., JRDB-
Group [8], for performance evaluation. JRDB-Group is built based on the JRDB
dataset [24], which is captured by a panoramic camera equipped on a robot walk-
ing around in the crowded outdoor/indoor multi-person scenes. JRDB-Group
provides the human social group annotation, and we use 20 training and 7 test-
ing videos in JRDB-Group in our experiment. Following the setting in JRDB-
Group, we evaluate the group detection task on the key frames, which are also
sampled every 15 frames, generating 1, 419 training and 404 testing samples.

Following the metrics in PANDA benchmark [39], we use the classical Half
metrics [6] including precision, recall, and F1 scores with group member IoU >
0.5 for group detection evaluation.

4.2 Results

Comparison methods. We find that most group detection methods are ob-
solete without available source code. We try our best to include more related
methods with necessary modifications for comparison.
• Dis.Mat + [44]: We first consider a straightforward method in which we calcu-
late the distance among all subjects in the crowd and apply the label propagation
algorithm [44] used in our inference stage to get the group division.
• GNN w GRU : We apply a graph neural network (GNN) with the features in
our method as the node feature to model the group relations among the subjects,
in which we also apply a GRU model to integrate the temporal information.
• ARG is a state-of-the-art method [40] for human group activity recognition.
ARG trains an Inception-v3 network to extract the appearance features and uses
GNN to model the mutual relations among the subjects in the crowd. We use the
affinity matrix in GNN as the relation matrix for group membership division.
• Global-to-local [39] is the baseline method proposed in PANDA [39], which ap-
plies a global-to-local zoom in framework to validate the incremental effectiveness
of local visual clues to global trajectories. More specifically, human entities and
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their relationships are represented as a graph. Then a global-to-local strategy
is applied, and the video interaction scores among subjects are estimated by a
spatial-temporal ConvNet. The edges in the graph are merged using label prop-
agation, and the cliques remaining in the graph are the group detection results.
• Joint and JRDB-Group are the baselines in JRDB-Group benchmark [8].
Joint [7] proposes to integrate the human group detection task into the group
activity recognition problem. Based on it, JRDB-Group adds the human spatial
features and number of group constraints as losses for the group detection task.

We compare the group detection results of the proposed method and other
comparison methods. Table 1 shows the comparative results on the PANDA
benchmark. We can see that all the comparison methods, including the state-
of-the-art baseline method Global-to-local reported in the PANDA benchmark
and its variants, generate unsatisfactory results. The comparison method with
the best performance, i.e., ARG, generates an F1 score of 25.4%. The proposed
method significantly improves the group detection performance and provides a
promising result with an F1 score of 53.2%. We can see similar results on JRDB-
Group as shown in Table 2, in which we can see that the comparison methods can
generate relatively better results than in PANDA. We also surprisingly find that
the simple baseline methods, i.e., the ‘distance matrix + [44]’ and the ‘GNN +
GRU’, provide not bad performance. This is because the number of pedestrians
and crowd density in JRDB-Group is lower than those in PANDA. The proposed
method provides the best performance on JRDB-Group, which also outperforms
the comparison methods by a large margin.

Table 1. Comparative group detection results on PANDA (%).

Method Precision Recall F1

Dis.Mat + [44] 42.9 12.0 18.8

GNN w GRU 41.9 17.3 24.5

ARG [40] 34.9 20.0 25.4

Group-to-local [39] 23.7 12.0 16.0

Group-to-local w Random [39] 24.4 13.3 17.2

Group-to-local w Uncertainty [39] 29.3 16.0 20.7

Ours 55.9 50.7 53.2

4.3 Ablation Study

To verify the effectiveness of our method, we conduct the ablation study as be-
low.
• Ours w/o self-sup. 1st-train. denotes removing the self-supervised repre-
sentation training in the first stage in our method, and we directly train the
whole network (including the representation embedding module and the group
forming module) using the training dataset.
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Table 2. Comparative group detection results on JRDB-Group (%).

Method Precision Recall F1

Dis.Mat + [44] 57.3 23.5 33.4

GNN w GRU 43.4 28.6 34.5

ARG [40] 32.5 38.4 35.2

Joint [7] 30.0 28.4 29.1

JRDB-Group [9] 39.0 37.9 38.4

Ours 57.7 56.2 56.9

• Ours w/o self-rep. fine-tune. denotes removing the representation’s fine-
tuning in our method, and we fix the parameters in the representation embed-
ding module obtained by the self-supervised first-stage training and only train
the group prediction head with the training dataset.

As shown in Table 3, we can first see that the proposed network with di-
rect one-stage training can provide acceptable performance at both datasets,
which outperforms the baseline methods significantly with F1 scores of 44.6%
on PANDA and 48.8% on JRDB-Group, respectively. Compared with the full
two-stage training version of our method, we can also see that the self-supervised
representation in the first-stage training is very effective, which further improves
the F1 score to 53.2% on PANDA and 56.9% on JRDB-Group, respectively. Be-
sides, we find that representation network fine-tuning with the training dataset
is also useful in our method.

Table 3. Ablation study results on PANDA and JRDB-Group datasets (%).

PANDA JRDB-Group
Method

Precision Recall F1 Precision Recall F1

w/o (self-sup.) 1st-train 48.4 41.3 44.6 49.8 47.8 48.8

w/o (self-rep.) fine-tune. 58.6 45.3 51.1 50.3 48.1 49.2

Ours 55.9 50.7 53.2 57.7 56.2 56.9

4.4 In-depth Analysis

Label annotations for the human group detection in a large-scale scene are la-
borious. Therefore, we propose the self-supervised relation representation, and
further investigate the its performance using different amounts of training data.

As shown in Table 4, we can first see that the proposed method without the
self-supervised first-stage training provides a poor performance with the reduc-
tion of training data. Specifically on the PANDA dataset, using very few training
data, i.e., 10% of all, the group detection F1 score is only 33.8%, which is much
inferior to that using all training data. For the method with the self-supervised
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first-stage training but without fine-tuning, although performance drops, the re-
sults using 10% training data are acceptable with the F1 score of 47.5% and
43.8% on PANDA and JRDB-Group, respectively. Similarly, the full version of
our method provides very promising results with only 10% training data on
two benchmarks. We can see that, on PANDA benchmark with 10% training
data, the full version ‘Ours’ produces 39.4% F1 score, significantly outperform-
ing the version without first-stage training (33.8% F1 score). Similar results can
be seen on the JRDB-Group benchmark. This demonstrates the effectiveness of
the proposed self-supervised first-stage training strategy, which can reduce the
dependence of the deep network on large-scale annotated training data. We can
also see that ‘Ours w/o fine-tune.’ produces promising results when using a small
amount of training data, e.g., 10% and 30%. This is because this setting without
training the first-stage representation network significantly reduces the network
parameters to be learned.

Table 4. Performance analysis using different amount of training data on PANDA and
JRDB-Group datasets (%).

PANDA JRDB-Group
Method Data

Precision Recall F1 Precision Recall F1

w/o 1st-train

10% Train. 37.7 30.7 33.8 40.5 22.7 29.1

Ours 30% Train. 41.9 34.7 38.0 39.1 46.0 42.2

50% Train. 49.1 37.3 42.2 37.5 48.8 42.4

100% Train. 48.4 41.3 44.6 49.8 47.8 48.8

w/o fine-tune.

10% Train. 61.7 38.7 47.5 38.4 50.9 43.8

Ours 30% Train. 54.1 44.0 48.5 51.6 44.0 47.5

50% Train. 54.8 45.3 49.6 49.1 45.5 47.3

100% Train. 58.6 45.3 51.1 50.3 48.1 49.2

10% Train. 43.5 36.0 39.4 42.2 46.4 44.2

30% Train. 46.9 40.0 43.2 52.9 42.8 47.3

50% Train. 55.1 50.7 52.8 53.9 42.4 47.4
Ours

100% Train. 55.9 50.7 53.2 57.7 56.2 56.9

We further provide the group detection results using two new metrics. The
commonly-used Half metric [6] takes a fixed threshold of 0.5 of group IOU for
evaluating the group detection accuracy. In some cases, the threshold of 0.5 is
a little loose, and a single threshold may bring in bias. This way, we vary the
group IOU threshold of 0.5 in the classical Half metric to larger values until 1
and then calculate the corresponding group detection performance. We plot the
curve using the abscissa axis as the threshold, and the vertical axis is the F1

score under each threshold. Then we compute the AUC (Area Under The Curve)
score as the metric for evaluation.

As a harsher metric, we also calculate the matrix IOU of the predicted group

relation matrix R̂ and the ground-truth Rgt by IOUGM =
∑

AND(R̂,Rgt)∑
OR(R̂,Rgt)

, where
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AND and OR denotes the logical operations functions, and
∑

denotes the sum-
mation over all values. The group relation metric encodes the group relations
between each pair of subjects, and the metric IOUGM evaluates the pair-wise
group relation accuracy among all subjects.

Table 5. Comparative group detection results using IOU-AUC and IOUGM (%).

PANDA JRDB-Group

IOU-AUC IOUGM IOU-AUC IOUGM

Dis.Mat + [44] 17.0 5.9 14.1 12.9

GNN w GRU 16.3 6.5 21.7 20.1

ARG [40] 19.3 6.4 21.6 19.3

Joint [7] - - 20.4 16.6

JRDB-Group [9] - - 26.3 20.6

Ours 41.2 31.2 42.5 32.5

We show the results using the new metrics in Table 5. Note that, on the
PANDA dataset, we do not conduct the experiments using the methods of Joint
and JRDB-Group, since their deep CNN features can not be applied to the
scene with thousands of people in the PANDA dataset. We can not provide the
evaluation of new metrics for the baseline methods in PANDA, i.e., ‘Group-to-
local’, because it did not provide the source code and raw results. From Table 5
we can first see that our method shows remarkable performance compared to
the other methods. Specifically, on the JRDB dataset under the metrics of IOU-
AUC and IOUGM, the simple baseline method using the distance metric based
method can not provide comparable or better results than other methods like
that in Table 2. We can also see that the performance under IOUGM is generally
low. This also leaves space for the development of more effective algorithms.

5 Conclusion

In this paper, we have proposed a new framework for social group detection
in large-scale multi-person scenes. We developed a double-head two-stage net-
work for the human relation representation and group detection, in which we
designed a self-supervised first-stage training strategy for relation representa-
tion. We evaluated the proposed method on two state-of-the-art benchmarks,
i.e., PANDA and JRDB-Group. The proposed method outperforms all the com-
parison methods by a very large margin. We also verified the effectiveness of
the self-supervised representation training strategy by using very few (labeled)
training data.
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